Identification of the gene network through which Pseudomonas aeruginosa PAO1 (PA) adapts to altered oxygen-availability environments is essential for a better understanding of stress responses and pathogenicity of PA. We performed high-time-resolution (HTR) transcriptome analyses of PA in a continuous cultivation system during the transition from high oxygen tension to low oxygen tension (HLOT) and the reversed transition from low to high oxygen tension (LHOT). From those genes responsive to both transient conditions, we identified 85 essential oxygen-availability responsive genes (EORGs), including the expected ones (arcDABC) encoding enzymes for arginine fermentation. We then constructed the regulatory network for the EORGs of PA by integrating information from binding motif searching, literature and HTR data. Notably, our results show that only the sub-networks controlled by the well-known oxygen-responsive transcription factors show a very high consistency between the inferred network and literature knowledge, e.g. 87.5% and 83.3% of the obtained sub-network controlled by the anaerobic regulator (ANR) and a quorum sensing regulator RhIR, respectively. These results not only reveal stringent EORGs of PA and their transcription regulatory network, but also highlight that achieving a high accuracy of the inferred regulatory network might be feasible only for the apparently affected regulators under the given conditions but not for all the expressed regulators on a genome scale.
Introduction
Pseudomonas aeruginosa PAO1 (PA), a prominent opportunistic human pathogen, is a facultative anaerobe able to occupy a wide range of environmental niches, where oxygen availability is a critical factor that determines the survival and growth modes of PA. 1 A number of studies have revealed that oxygen availability affects the expression of a wealth of genes associated with different metabolic pathways and cellular functions of PA, including quorum sensing, biofilm formation, antibiotic tolerance and even small RNAs that contribute to the persistence of this opportunistic pathogen. [2] [3] [4] [5] Many of the genes have been reported to be under the regulation of the anaerobic regulator (ANR). As the name indicates, ANR, the product of the anr gene, is a key regulator of many anaerobic responses. 6, 7 In addition to traditional individual-gene-focused investigations, some studies have investigated PA using whole-genome transcriptome analyses. For example, transcriptome analyses have been performed to study PA responses to different challenges such as iron limitation, oxidative stress, quorum sensing, biofilm formation, and others. 8 Based on such transcriptome analyses, efforts have been initiated to gain a systematic understanding of the responses of PA to oxygen availability, such as the approach of defining ANR and DNR regulons. 9 However, many of the gene expression analyses have primarily focused on long-term effects of perturbations. [10] [11] [12] [13] But responses of bacteria to environmental stimuli can be very fast and dynamic, which cannot be adequately captured by static measurements or even by long-time-interval dynamic measurements. 14, 15 In addition, many of the studies were based on shaking flask cultures where aerobic or anaerobic conditions were not clearly defined. Furthermore, most of the current studies aim to identify the genes responsive to either anaerobic (or microaerobic) or high oxygen conditions. We believe that the EORGs shall respond to environmental changes not only towards low oxygen levels but also towards high oxygen conditions, analogous to the classic cases where individual genes respond to both the loss-of-and gain-of-function perturbations in molecular biology.
We have previously studied physiological responses and gene regulations of PA toward the availability of iron and/or oxygen in a computer-controlled bioreactor system with exactly defined conditions. [16] [17] [18] [19] [20] In this study we extend our work with P. aeruginosa to a network-based investigation of genome-scale dynamic gene expression regarding O 2 variation. For this purpose, we measured and analyzed a HTR transcriptome under two inverted transitions, from oxygen repletion to oxygen depletion conditions and the inverted perturbation. We aim to identify the EORGs by focusing on the overlap of responsive genes under the two inverted transition conditions. In order to better understand the molecular mechanisms through which PA adapts to altered oxygen-availability environments, we further set out to identify the transcription regulatory network controlling these EORGs. Many efforts have already been made to construct quality transcription regulatory networks by developing various approaches and/or applying to various organisms. [21] [22] [23] [24] [25] [26] However, it is still a challenging task to infer reliable and experimentally-testable regulatory networks mainly based on transcription data without combining other sufficient information. 21, 23, 27 In fact, a recent extensive evaluation demonstrates that most of the unsupervised inference methods show low prediction accuracies and supervised and semi-supervised approaches achieve higher accuracies. 28 In this work, we have constructed a reliable transcription regulatory network of PA responsive to oxygen availability by combining prior literature information (genes affected by mutation or overexpression of given transcription factors (TFs)) and binding motif searching as well as by focusing on the EORGs. Taken together, the specific points of this work are: (i) measurement of the HTR transcriptome sampled with an interval of 5 or 10 minutes under two inverted conditions in a computer-controlled cultivation system, (ii) identification of the genes responsive to both conditions by treating the two HTR data sets as inverted repetitions, (iii) construction of a reliable transcription regulatory network by combining binding motif searching and information on genes affected by perturbation experiments of given TFs.
Results and discussion

Identification of EORGs
With the well-accepted conjecture that essential genes responsive to loss-of-function of a TF shall also respond to gain-offunction of the TF and that the expression change of these responsive genes is inverted between two reversed perturbations, we aim to identify EORGs by searching for genes affected under both HLOT and LHOT conditions. To meet these criteria, we chose genes that not only showed certain expression variation, e.g., change fold equal to or larger than 1.5 among any two time points in the time-course measurement of both HLOT and LHOT conditions, but also showed significantly inverted transcription change patterns over time between the two conditions (negatively correlated by the Pearson correlation coefficient, P r 0.05, Fig. 1A ). It is clear that a significant inverted correlation cannot be easily obtained by chance between two inverted conditions from 14 continuous sampling points with such a short time interval. An inverted change pattern revealed by such a strategy is much closer to the truth than that shown by the studies in which only a couple of time points have been measured. To this end, we found 85 EORGs (Fig. 1B) . To more efficiently analyze these EORGs, we employed the hierarchical clustering approach based on the concatenated data of the two inverted conditions. Several groups were identified, which showed different dynamics of the transitions (Fig. 1B) . We here only demonstrated some of the EORGs (Fig. 1C) . We did not simply discuss them by groups, which were closely clustered together, but chose genes from different groups, which nonetheless still showed a general similar pattern by ignoring very detailed dynamics, to represent more genes. As shown in Fig. 1C , some genes (e.g., PA0167, PA1963 and PA3530) gradually decreased in their expression level with time under the HLOT conditions while gradually increasing under the LHOT conditions. Some genes (e.g., PA0315, PA1986 and PA1250) first decreased their transcription expression then gradually increased back during the HLOT transition and showed an inverted change during the LHOT transition. This type of expression change clearly indicates a negative feedback involved in the mRNA expression regulation of these genes. From the experimental design point of view, it is almost impossible to catch such dynamic response patterns without a high-frequency measurement. 14 Other genes (PA4655 and PA1249, Fig. 1C ) first increased their transcription levels and then slowly decreased to base levels under the HLOT conditions whereas they showed an inverted change in the LHOT transition. Even for this type of pattern change, the dynamics also differs from one gene to another. For instance, the gene PA4655 (hemH) responded relatively slower than PA1249 (aprA). Therefore, in order to catch the fast response of PA1249, one needs to measure even more frequently than one needs to perform for PA4655. 
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Among the 85 EORGs, we found some well-known oxygenavailability responders, for instance, the gene cluster (arcDABC and PA5170-3, Fig. 1B ) that encode enzymes for arginine fermentation. 29 Although arcDABC showed a fast dynamic transcription response during the HLOT transition, their expression peaked three times and still kept much higher (except for that at 90 min) even after contraction than that at time zero during the 90 min sampling period. This might easily explain why the observation of the anaerobical induction of arc genes can be shared by others 30 as well as by us in this work. The list also includes other interesting genes e.g., rhlL (PA3476, Fig. 1B ), a critical rhL quorum sensing component, which is known to be repressed in anaerobic growth. 31 We also observed a significant reduction of this gene expression during the HLOT transition although the expression levels of rhlL were then gradually increased, which were still much lower than that before the oxygen-availability transition. However, the repression of the gene for rhamnosyl transferase B (rhlB) (PA3478, Fig. 1B ), another important quorum sensing gene, was only observed in this work. This is due to the fact that although the expression of rhlB was gradually decreased to a quite low level, the expression was then gradually increased starting from 30 min to a similar level as that at time zero. It is not trivial that many people pay attention to the expression dynamics in the first 30 min and consequently easily miss it. In addition to genes expected, we also identified many other new EORGs. For example, the genes in the operon wbpLKJHG (PA3145-50, Fig. 1B ) showed very fast dynamics and after 90 min returned to levels similar to those before the oxygen-availability transitions. The fast expression dynamics of these new candidates might explain why others cannot notice them mainly due to a relatively low-frequency measurement which has almost no chance to catch fast dynamic responses as discussed above. WbpL, a transferase, is necessary for initiating both A-and B-band lipopolysaccharide (LPS) synthesis 32 while other genes in this operon were not well characterized yet. Interestingly, we have previously observed the formation alterations of LPS on the surface of PA under oxygen stress conditions although not digging into the individual genes. 20 In fact, in previous work we observed an inverted response of the B-band while increasing or decreasing oxygen availability, which exactly fits with our expression data that wbpL quickly decreased and then rebounded immediately under the HLOT conditions while quickly increased and then recoiled immediately under the LHOT conditions. Furthermore, since one has almost no chance to randomly obtain the whole operon, which strictly reversely responded to both inverted oxygen-availability transitions, the genes in the wbpLKJHG operon represent very promising candidates for oxygen-availability responses. Another couple of genes, which were clustered together due to similar expression patterns in both conditions, worthy to be mentioned, e.g., qppBD, (PA1986 and PA1988, pyrroloquinoline quinone biosynthesis protein B and D, Fig. 1B and C) were gradually downregulated and then rebounded during the HLOT transition while showing an inverted change trend in the LHOT transition. Since pyrroloquinoline quinone in bacteria has been found to play a critical anti-oxidative role under oxidative stress, 33 these two genes might be another set of interesting candidates playing important roles in response to oxygen availability for PA.
Identification of a highly reliable responsive transcription network
Following the discovery of the EORGs, we seek to identify the transcription regulatory network controlling them and understand the underlying molecular mechanism by which PA responds to oxygen availability. Since transcription factors normally do not change a lot in transcription levels 34 and are mainly modified in post-transcription levels, it is not so straightforward to identify a clear correlation between TFs and their target genes even when considering expression time shifts as we and others discovered.
14 When time shifts among a combination of several TFs were considered, more plausible results can be obtained as demonstrated by us and others. 35 However, we do not have repeated time-series measurements on any of the two transitions and consequently cannot make a reliable conclusion for a single transition. We therefore utilized binding motifs search approaches to examine the promoter area of all the EORGs from two inverted transitions for 39 TFs with experimentallyverified binding motifs (Table S3 , ESI †). Four out of the 39 TFs were considered to be apparently absent and were consequently excluded due to extremely low expression levels (see Methods). The pattern matching tool matrix scan 36 was used for computational prediction of binding motifs located on the regulatory sequences 1000 bps upstream to the coding sequence of all the EORGs considered in this study. 36 The tool inferred 346 potential regulatory interactions (Table S1 , ESI †). We then further narrowed down the list of potential regulatory interactions to a more realistic list of interactions by only extracting those potential interactions, in which literature has already shown that the mutant or overexpression of the TF has significant effects on the transcription expression of the target gene as measured by transcriptomic and/or chromatin immunoprecipitation (ChIP)-chip approaches. Eventually, we identified 34 transcription regulatory interactions (Fig. 1A) . Surprisingly, we found that only the regulatory subnetworks controlled by the well-known oxygen-responsive TFs showed a very high consistence between the inferred potential regulatory network and literature knowledge. Especially, we found that 7 out of the 8 transcription regulatory interactions (87.5%, P-value = 2.7 Â 10 À12 , cumulative binomial distribution, in total, 92 target genes are reported as summarized in Table S1 , ESI †) in the inferred subnetwork controlled by ANR were consistent with the literature (Fig. 2) . Five out of the total 6 inferred target genes (83.3%, P-value = 6.1 Â 10 À6 , Fig. 2, 355 target genes are reported) regulated by a quorum sensing regulator RhlR are known to be regulated by RhlR or affected by RhlR mutants. In fact, another quorum sensing regulator LasR also showed a quite high consistency; 8 out of the 17 potential regulatory interactions (P-value = 6.1 Â 10
À6
, 375 target genes reported) controlled by LasR were overlapped between literature knowledge and the list of the 34 interactions (Fig. 2) . Actually, anaerobic expression of arcDABC (PA5170-3) has been shown to be ANR-dependent and is stimulated further by the arginine-responsive regulator ArgR (PA0893). 37 Notably, our network showed exactly a combinatory transcription regulation between ArgR and Anr on arcDABC (Fig. 2) . Furthermore, the relevance of the identified 34 interactions was supported by the similarity in the expression patterns between the co-regulated genes as they were closely clustered (Fig. 1B) . The evidence independently increases the confidence level since we did not use coexpression information when predicting the network as discussed above. For instance, the genes PA1561, PA1746 and arcDABC, which were all predicted to be regulated by ANR, were tightly clustered together. The two genes PA4515 and PA3530 co-regulated by fur (the ferric uptake regulator, PA4764) ( Fig. 2) were next to each other (Fig. 1B) . The target genes of PvdS (the sigma factor required for pyoverdine synthesis, 38 PA2426) from our predicted network, PA2400 and PA2402, also remained in the vicinity of the cluster tree. So did PA0399 and PA2204, the target genes of RpoS (the alternative sigma factor, 39 PA3622).
In order to check whether these high percentages were biased by the high number of known target genes for these TFs aforementioned, we also evaluated whether a high number of target genes were also known to be affected by other TFs, which are, however, not reported to be directly involved in oxygen-availability regulatory responses. For example, FleQ, a transcriptional activator belonging to the NtrC subfamily of response regulators, involved in the regulation of mucin adhesion and flagellar expression 40 and PsrA, a positive transcriptional regulator of the type III secretion system 41 affect 146 and 204 target genes, respectively, according to our knowledge (Table S2 , ESI †). Both FleQ and PsrA are not directly linked to oxygen-availability responses. We inferred 6 and 8 potential regulatory interactions for FleQ and PsrA, respectively. As indicated above, the number of their known target genes is even higher than that of many well-known oxygen-responsive TFs. However, we hardly identified any overlap between genes potentially regulated by them and those reported in literature. These data showed that a high percentage overlap was not biased due to a high number of known target genes for the given TFs. To find more evidence supporting the reliability of the inferred regulatory network, we also checked the minority of the regulatory network predicted to be regulated by potential oxygen-responsive TFs. The ferric uptake regulator (fur) apparently affects the aerobic growth but not the microaerobic growth of PA. 42 This phenotype indicates that fur plays a role in asymmetric regulation under the two opposite conditions, further consolidated by the discovery that its mutants affect the expression of some genes in distinct ways between the aerobic and anaerobic environments. 43 We would like to examine whether the number of inferred regulatory interactions controlled by fur matching with literature knowledge could be obtained by chance. Interestingly, 2 out of the 21 inferred regulatory interactions matched with literature information (P-value = 0.01, Tables S1 and S2, ESI †) but the matched percentage is far from those for Anr and RhlR. These results demonstrate that the predicted regulatory network is still quite accurate for the potentially responsive TFs although the observed accuracy might not be as high as that for apparently affected TFs, e.g., ANR and RhlR. The two predicted target genes (PA3530, encoding ferredoxin, and PA4515) were reported to be strongly upregulated upon iron starvation, 44 indicating a fur regulation on them since FUR repression is relieved under iron starvation. Moreover, the two genes clustered gapless (Fig. 1B) , supporting a coregulation. As discussed above (Fig. 1C) , the expression levels of PA3530 and PA4515 gradually decreased in the HLOT transition but increased in another transition, indicating an essential role in aerobic but not in anaerobic conditions for the two genes, which fits well with the observation that their expression regulator (fur) plays an important role in aerobic but not in anaerobic environments. 42 We also checked the other predicted fur targets, which were not yet reported to be affected by fur (Table S1 , ESI †). Interestingly, the genes PA5170-3 (arcDABC) were also predicted to be controlled by fur. Although none of them have been found to be regulated by fur compared with some related reports, [44] [45] [46] they were clustered tightly due to their similar expression patterns (Fig. 1B) . In addition, the binding motifs of fur were found in the promoter area of these genes and these genes showed a significantly inverted expression pattern between the two opposite conditions, which collectively suggests that the arcDABC genes were very likely to be co-regulated by fur in response to oxygen availability. Except for those listed in Table S4 (ESI †), most of the reported fur-regulated genes did not show a significantly inverted correlation between the two opposite transitions and therefore were not included as EORGs. This is understandable in that fur plays an asymmetric role between the two opposite conditions and Fig. 2 A reliable transcription regulatory network of PA in response to oxygen-availability changes. The red and black numbers in the bracket correspond to the number of interactions controlled by a given TF in the current literature-confirmed regulatory network and in the predicted regulatory network (Table S1 , ESI †), respectively. The arrow represents a positive regulation; the diamond arrow indicates a regulation but with unknown effects; another type represents an inhibitory regulation.
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View Article Online therefore many of the fur-regulated genes did not respond inversely. Another tiny fraction of the inferred interactions was predicted to be controlled by OxyR, the oxidative stress regulator, which plays a crucial role in oxidative stress defense. 47, 48 But only AprA (the alkaline metalloproteinase, a virulent factor, PA1249) out of the 8 predicted target genes has been observed to be regulated by OxyR as compared to the results detected by the ChIP-chip approach 49 or by other traditional methods 47 (not significant, Tables S1 and S2, ESI †). This is not surprising since the authors used H 2 O 2 to stress PA, which obviously generated distinct regulatory responses as we challenged PA under oxygenavailability transitions. Cumulatively, all the evidence aforementioned support that the list of the 346 predicted regulatory interactions (Table S1 , ESI †) represent a highly reliable regulatory network, especially those subnetworks regulated by apparently affected TFs under the studied conditions although many of them were not yet experimentally reported.
Conclusions
Our work has demonstrated the power of using replicate timeseries data generated under inverted conditions to construct a highly accurate oxygen availability responsive network of PA. We have also identified the EORGs by utilizing the HTR data from the two inverted conditions, which are exclusively available in our work. As shown in this work, the fast dynamic responsive expression pattern of many new EORGs cannot be discovered unless with such a high frequent measurement as performed here. Last but not least, we have found that it might be only feasible to identify an accurate network for TFs which are apparently affected (activated or inhibited) under the given conditions but hardly plausible for many other expressed TFs on a genome scale. Therefore, the efforts focusing on certain TFs apparently affected under the given conditions might be more productive. We believe that this discovery might be generally applicable for network construction of various cell types under various physiological or pathological conditions.
Methods
Cultivation conditions and time-series dynamic experiments P. aeruginosa PAO1 from glycerol stock (À80 1C) was activated in a shaking flask at 37 1C for 14 hours with medium B, which contains per liter 20 g of glucose, 6 g of yeast extract, 0. A 2.5 L stirred tank bioreactor (Applikon Biotechnology, Netherlands) containing 1.8 L of glucose minimal medium with low iron concentration described elsewhere, 18 except an initial concentration of 5 g L À1 glucose, was prepared. The dissolved oxygen concentration (pO 2 ) measured using a Clark pO 2 electrode was calibrated as 100% with press air after autoclaving the medium under the experimental conditions. The second seed culture was inoculated into the bioreactor to an initial OD of 0.05 at 600 nm wavelength. The stirrer speed, pH and temperature were controlled at 300 rpm, pH 7.0 (by adding 2 M NaOH) and 37 1C, respectively, throughout the batch phase and the chemostat cultivation by a real-time computer control system UBICON (Universal Bioprocess Control System, ESD, Hanover, Germany). The pO 2 was controlled at 100% air saturation in the batch phase and varied during chemostat cultivation by dynamically adjusting the ratio of pure nitrogen and pure oxygen via two mass flow controllers and controlled by the UBICON system. The total aeration rate was kept at a constant value of 1 VVM by the control system UBICON. After 5.5 hours of batch cultivation, the cultivation was shifted to the continuous mode by continuously feeding medium C, which was similar to the glucose minimal medium mentioned above but containing 1.5 g L À1 glucose, at a fixed rate to ensure a dilution rate of 0.2 h
À1
. The culture volume in the bioreactor was controlled at exactly 1.5 L using an effluent pump controlled by a balance for the whole bioreactor system. After medium exchange of at least four bioreactor volumes while keeping the pO 2 constant at 100% air saturation, the system reached its first steady state, as indicated by constant CO 2 release. After first sampling, the controlled pO 2 value was set to 0.5% and regulated by a proportional-integral-derivative (PID) controller of the UBICON system. The pO 2 value rapidly dropped to about 1.0% in less than 5 minutes (Fig. S1 , ESI †) and controlled in the range of 0.5-1.0% air saturation afterwards. Sampling for transcriptome analysis was started before the switching of the pO 2 value (defined as time point zero). In total, 14 samples were harvested at time points 0, 5, 10, 15, 20, 25, 30, 35, 40, 50, 60, 70, 80 and 90 min after switching from aerobic to microaerobic conditions. After reaching a steady state (after about another four bioreactor volume exchange) under these conditions, the culture was shifted from microaerobic back to fully aerobic conditions (pO 2 set point value from 0.5% to 100%). A similar set of samples were taken during the reversed transition with the same time intervals.
RNA isolation, microarray analysis of gene expression and data preprocessing
In order to stabilize RNA immediately, the samples from the chemostat culture of PA were directly flushed into a pre-cooled RNAprotect Bacteria Reagent (Qiagen) and treated instantly as suggested by the supplier before storing at À80 1C for later RNA isolation. The total RNA was extracted by using the RNeasy mini kit including an on-column DNase treatment according to the manufacturer's instructions (Qiagen). The RNA concentration and purity were determined using the 2100 Bioanalyser (Agilent). A total of 10 mg of each experimental RNA sample was used for cDNA synthesis with Superscript II reverse transcriptase (Invitrogen, Carlsbad, CA). DNaseI (Pierce) and 10-fold One-Phor-All Buffer (GE healthcare) were used for cDNA fragmentation. The Enzo BioArray terminal labeling kit (Affymetrix) was used for labeling the fragmented cDNA with a size range from 50-200 bp. The fragmentation and labeling effects were checked by gel electrophoresis. The cDNA was loaded onto Affymetrix PA GeneChip. Target hybridization was performed at 37 1C for 16 hours by using a GeneChip Hybridization Oven 640. Chip washing and staining were performed using an Affymetrix GeneChip Fluidics Station 400 and chips were scanned using an Agilent Genearray Scanner. The scanned images were analyzed using the Affymetrix GCOS program. The data were analyzed using Microarray Suite version 5.0 (MAS 5.0) using Affymetrix default analysis settings and global scaling as a normalization method. The trimmed mean target intensity of each array was set to 150. Probe sets that were absent in all the time-series samples according to Affymetrix flags were removed. Probes with intensities lower than 50 at each time point were excluded. 53, 54 In addition to the rules described above, the regulators were defined as absence if the average expression values were less than 50 at any of the two inverted transitions. Via these rules, we excluded Dnr, PchR, PhhR and TrpI from the list of 39 TFs. The standard centered Pearson correlation coefficient was used to evaluate whether the expression patterns are inverted or not between the two opposite transitions. Before the Pearson correlation coefficient was calculated, each gene was normalized separately (mean of 0 and standard deviation of 1) for each individual time series data. The P-value was determined based on the correlation coefficient distribution curve (Table S4 , ESI †) resulting from randomly shuffled data of the original data sets.
Searching of transcription binding motifs
Experimentally verified binding motifs for 39 different PA TFs and operon information were retrieved from databases such as RegTransBase (http://regtransbase.lbl.gov/cgi-bin/regtransbase? page=main) and Prodoric (www.prodoric.de) and also from literature sources and publications (Table S3 , ESI †). They were used to construct the corresponding Position Specific Scoring Matrices (PSSMs) using the tool consensus (http://rsat.ulb.ac.be/rsat/). The online pattern matching tool matrix scan 36 was used for computational prediction of binding motifs located on the regulatory sequences 1000 bps upstream to the coding sequence of potential target genes or their corresponding operons considered in this study. 36 A pseudo-count value of 1 was employed to overcome any bias in cases where a small number of validated binding sites (less than 3) were used to construct a PSSM. A background model (consisting of a whole genome subset of upstream regulatory regions with no overlap with open reading frames) was used to estimate the probability for each site to occur by chance rather than as an instance of the motif itself. The tool matrix scan supports background models with arbitrary Markov order m (we here used 4, which explains the dependence of one residue on the 4 preceding residues). All potential sites which have P-values smaller than 0.0001 were considered as predicted motifs.
Data availability
The complete time-series microarray data set (28 arrays) is available in the Gene Expression Omnibus (GSE52445).
